Animals

Housing
Rats were housed two per cage in micro-isolation cages in a conventional facility using autoclaved bedding (sani-chips from PJ Murphy). They had ad libitum access to autoclaved Teklad 5010 diet (Harlan Laboratories) and were provided reverse osmosis water chlorinated to 2-3 ppm.
2 Statistical genetic analysis 2.1 Modeling genetic effects on adiposity All statistical genetic analyses described used the same general model (or approximations to it) for linking the genetics of a given rat to its measured phenotypic outcome. This was the linear mixed effect model (LMM) f (y i ) = covariates i + QTL i (m) + u i + residual i ,
where, in brief: f (y i ) is the phenotype subject to a normalizing transformation, specifically, as a conservative measure to rein in high influence data points, we used the rank inverse normal transformation; covariates i is a fixed effects term that includes variables representing time food deprived, order of tissue harvest, and dissector (notably, dissector significantly affected EpiFat and BMI Tail Base); QTL i (m) represents the effect of the quantitative trait locus (QTL) at genomic locus m, and is defined in more detail below; and residual i models the remaining individual-toindividual variation as a normal deviate with variance σ 2 . The u i term is a random polygenic effect representing the effect of overall genetic relatedness, modeled as vector u = (u i , . . . , u n ) drawn from a multivariate normal with covariance matrix Gτ 2 , where τ 2 is unknown and G is the realized genetic relationship matrix, estimated as the pairwise distance in allelic dosages defined by the identity by descent (IBD) probabilities from founder haplotypes, standardized by allele frequency and averaged over loci across the genome, calculated using the kinship.probs function in the DOQTL R package (Gatti et al. 2014) . The LMM in Eq 1 with QTL i (m) omitted is hereafter referred to as "the null model".
Heritability estimation
Narrow-sense heritability, h 2 = τ 2 τ 2 + σ 2 × 100% , was estimated for each phenotype by fitting the null model as a Bayesian LMM using INLA (Rue et al. 2009; Holand et al. 2013) , which gives a complete posterior distribution of h 2 , along with point and interval estimates. Phenotypes were scaled to have a mean of 0 and standard deviation of 1, and a uniform prior on h 2 was obtained by setting priors on τ −2 and σ −2 to Ga(1, 1), with other settings being default.
QTL mapping
QTL were identified by genome-wide association of imputed SNPs. This was performed in three steps. First, as in previous work (Solberg Woods et al. 2012) , we obtained a probabilistic reconstruction of each rat's haplotype mosaic, that is, the configuration of inherited founder haplotypes that compose its genome, using a hidden Markov model (HMM), implemented in R/qtl2geno (Broman 2016), applied to the genotype data on HS rats and their founders. This HMM was used to calculate for each individual i = 1, . . . , n, at each marker position m = 1, . . . 8218, a vector of 36 descent probabilities, p im , containing the posterior probability of descent from each of the possible
= 36 haplotype pairs (diplotypes). n, the sample size, varies between phenotypes, with n = 989 for those irrespective of tissue harvest age, such as body weight, and n = 743 for those that include only individuals with tissue harvested at 17 weeks of age, such as RetroFat (two rats did not have RetroFat measurements, resulting in n = 741). Second, these descent probabilities were used to re-estimate the original SNP genotypes, that is, each p ij was used to infer a 3-vector of imputed genotype probabilities g ij ; these imputed genotypes, which, unlike their raw counterparts, were both complete and relatively robust to genotyping error, were carried forward into subsequent analyses. Third, at each SNP, we fitted the LMM in Eq 1, setting QTL i (m) = βx mi where x mi is the expectation of the minor allele count (ie, the allele dosage) implied by g im , and β is a fixed effect; comparing the maximum likelihood (ML) fit of this model to that of the null model gave a likelihood ratio test and nominal p-value, reported as its negative base 10 logarithm, or logP. (Note that initially we used models testing the association between phenotype and haplotype descent, ie, p im , directly, as in the region-wide mapping of Solberg Woods et al. (2012) , due to a combination of uncertainty in haplotype descent and strong imbalances in the estimated haplotype frequencies.) Genome-wide significance thresholds for logP scores were estimated by parametric bootstrap samples from the fitted null (Valdar et al. 2009; Solberg Woods et al. 2010) , with Bonferroni thresholds, which would be highly conservative due to the serial LD structure, calculated for comparison.
LD intervals for the detected QTL were defined by including neighboring markers that met a set level of LD, measured with the squared correlation coefficient r 2 ; we used r 2 = 0.5 to define intervals based on the plots of the SNP associations overlaid with LD information.
Fine-mapping through Group-LASSO with fractional resample model averaging
To prioritize SNP variants within the RetroFat chromosome 6 QTL interval, we used the multi-SNP modeling method LLARRMA-dawg (Sabourin et al. 2015) , which we applied to the imputed SNP genotypes and a population structure-corrected version of the phenotype, namely the phenotypic residuals of the null model. LLARRMA-dawg uses a combination of variable selection and resampling to identify SNPs that have stable, independent associations with the phenotype. Each SNP receives a resample model inclusion probability (RMIP), an estimate of the probability it would be included in a parsimonious multi-SNP model applied to a resampling of the individuals. SNPs with high RMIPs thus represent stronger candidates, and the existence of multiple SNPs with a high RMIP is consistent with the presence of multiple independent signals.
Estimating diplotype substitution effects at detected QTL
For detected QTL, the effect of substituting alternate diplotypes was estimated using the Diploffect model (Zhang et al. 2014) , which can help identify interesting alleles of the candidate variants near the mapping signal. Although stability and power, along with the computational demands of a genome-wide analysis, led us to use SNP association for genetic mapping, these were no longer constraints for haplotype effect estimation at an identified QTL. Diploffect is a Bayesian hierarchical approach designed to work with probabilistically inferred haplotype descent, providing shrinkage that mitigates instability from low haplotype frequencies. In addition to the population structure effect in Eq 1, it models two genetic components at the QTL: additive (haplotype) effects, ie the effect of each dose of haplotype (eg WKY); and dominance deviations, those from the additive model for specific combinations of haplotype, (eg, WKY-ACI). Dominance deviations are typically less informed, but their inclusion stabilizes additive effect estimation. Both have their own variance parameters, τ 2 add and τ 2 dom , with QTL effect size recorded as the intraclass correlation coefficient
where τ 2 QTL = τ 2 add + τ 2 dom . The model was fitted using 200 importance samples from INLA (Rue et al. 2009; Holand et al. 2013) , with phenotype transformations and variance component priors set as for heritability estimation above.
Analysis of RNA-Seq data
Total RNA was extracted from the livers of 398 of the HS rats using Trizol, followed by library preparation using Illumina's TruSeq Stranded mRNA library kit and sequencing on an Illumina HiSeq2500 (Illumina, Inc., San Diego, CA). BN reference genome sequence (genome build Rn6) and GTF files were obtained from Ensembl. RSEM (v1.3.0) rsem-prepare-reference function was used to extract the transcript sequences from the genome (Li & Dewey 2011) and to build Bowtie2 indices (Bowtie2 v2.2.8) (Langmead & Salzberg 2012) . RSEM rsem-calculate-expression function was then used to execute Bowtie2 to align reads of each sample to the transcriptome prepared above and to compute transcript level and gene level expression abundance. Trim Galore (http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/) was used to perform quality-based trimming with a cutoff at Q=20. Seven animals were removed due to low number of input reads.
Mediation analysis of phenotype, expression, and QTL
Mediation analysis was used to identify genes with expression levels that mediate the relationship between QTL and physiological phenotype. Expression levels of genes contained within the LDbased physiological QTL intervals were assessed as potential candidates as full mediators (intermediates that completely explain the association between SNP and phenotype) and partial mediators (intermediates that explain some of the association between SNP and phenotype). Similar to Baron & Kenny (1986) and adapted for genetic data as in Battle et al. (2014) , evidence of mediation was assessed by a series of association tests, presented as a series of steps below, evaluating the relationships between previously mapped phenotype QTL (X), some transformation of the expression of level of a candidate mediator gene j = 1, . . . , J (M ), and some transformation of the phenotype (Y ).
1. Potential mediators: The relationship, represented as an arrow, with directionality encoding causality, X → M is evaluated for all J candidate genes in the physiological QTL interval with non-zero expression in greater than 0.25 of the n rats by testing for the association between QTL and expression of gene j via the regression model
where briefly f (gene.expression ij ) is the expression level for gene j of rat i subject to some normalizing transformation, often a rank inverse normal transformation, mapped.QTL i is the effect of the mapped QTL for rat i, and u i and residual i are respectively the polygenic and individual error terms as described in Eq 1. The maximum likelihood fit of the model in Eq 2 is compared with the null model (same as Eq 2 with mapped.QTL i omitted) to produce a likelihood ratio statistic and corresponding p-value. The p-values are converted to q-values using the Benjamini-Hocheberg false discovery rate (FDR) method (Benjamini & Hochberg 1995) . X → M for gene j is considered satisfied if q-value j < 0.1. A lenient FDR controlling approach to multiple testing is used because the candidate set of genes is constrained to those local to the QTL interval, as well as the mediation analysis including further tests to satisfy mediator status. The set K (K ≤ J) genes represent candidate mediators, and are also likely co-localizing eQTL to the QTL.
Full mediators:
The relationship X |= Y |M is representative of M being a full mediator of X on Y , suggesting that X → M → Y , specifically that X does not affect Y outside of through M . The support for this relationship in the data is evaluated by comparing the following regression models:
and
where Eq 3 is the alternative model and Eq 4 is the null model for a likelihood ratio test. The expression level of gene k is called a full mediator if p-value k > 0.05, representing the situation in which the effect of QTL on the phenotype is fully explained by expression of gene k. After testing for all K candidate mediators, S (0 ≤ S ≤ K) full mediators are called.
Partial mediators:
The relationship M → Y |X is representative of M being a partial mediator of X onto Y . To test the support for this relationship, Eq 3 for each candidate partial mediator t (T = K − S) is compared to
producing a likelihood ratio statistic and p-value. The FDR controlling approach is used again to obtain corresponding q-values. If q-value t < 0.1, expression of gene t is called a partial mediator of the relationship between the QTL and the phenotype. Gene t could also represent an independent effect on the phenotype from the QTL. The validity of the causal inference from the mediation analysis depends on the underlying relationships following a directed acyclic graph (DAG). If cycles are present in the graph, the causal inference will likely not be valid. Cycles cannot exist with X → Y and X → M because the QTL genotype is essentially fixed and cannot be modulated by other quantities. Notably the assumption is made that M → Y , and that M ← Y does not occur, though it is plausible that a QTL could modulate a phenotype (X → Y ), which leads the phenotype to modulate expression of certain genes (Y → M ). These types of relationships would produce significant associations whose causal directionality would be misinterpreted by the mediation analysis, thus their inference is dependent on the assumption.
Mediation analysis results
Gene expression data from the liver was measured on 398 of the 989 HS rats (all in the cohort with tissue harvested at 17 weeks of life). The three QTL intervals (RetroFat chromosome 1 and chromosome 6 loci and body weight chromosome 4 locus) were evaluated with mediation analysis in an attempt to identify and prioritize possible candidates that could affect the phenotypes through their expression level variation.
Body weight chromosome 4 locus
The QTL interval for this locus contained 11 genes ( Table S3) . Three of these had liver expression measured. The main candidate Grid2 was not sufficiently expressed (non-zero expression proportion < 0.25) in liver tissue. The expression levels of the other two genes (Ccser1 and LOC108350839 ) were not significantly associated with the QTL (X → M was not satisfied).
RetroFat chromosome 1 locus
The QTL interval contained 15 genes (Table S2) , of which 5 were contained in the expression data (Emx2, Rab11fip2, Fam204a, Prlhr, and Cacul1 ). Emx2 and the primary candidate Prlhr were not sufficiently expressed in the liver. Similar to as in body weight, the remaining 3 genes' expression levels were not significantly associated with the QTL.
RetroFat chromosome 6 locus
The interval for this QTL is much wider than the previous intervals, and contains 130 genes (Table  S1 ), of which 114 were measured in the liver expression data. Of the 114, 36 genes had non-zero expression below 0.25, leaving 78 genes for which to evaluate X → M . 14 genes (Table S4 ) had a significant association (q-value < 0.1) between expression levels and the QTL. These 14 candidate mediators were then tested for evidence of being full mediators. Krtcap3 was called a full mediator (p-value = 0.15). The remaining 13 were evaluated as partial mediators, resulting in 5 genes being selected (q-value < 0.1) ( Table S5) . As Krtcap3 was a strong candidate as a full mediator, we replaced the QTL in the model of RetroFat with it. Each partial mediator was then individually included in a regression model of RetroFat with Krtcap3 and compared to the null model with only Krtcap3 (Table S5) . Only Slc30a3 remained significant, suggesting that it is the best candidate as an additional regulator of RetroFat, potentially separately from the QTL/Krtcap3 signal. Figure S2 : Fine-mapping of the chromosome 6 locus using LLARRMA-dawg reduced the LD support interval from 6.14 Mb to 1.46 Mb. LLARRMA-dawg jointly models and selects SNPs in a region, and returns probabilities corresponding to how often a SNP was included over many re-samples of the data (RMIP). Multiple SNPs with high RMIP suggests the potential for multiple independent signals beneath the QTL peak. Figure S3 : The SNP association (7 markers) present in the LLARRMA-dawg fine-mapping interval ( Figure S2 ), including the annotations of the 30 genes local to the region. The candidate gene Adcy3 is in bold, and possesses a non-synonymous WKY variant that is predicted to alter protein function ( Figure 3E ). Table S5 : Genes in RetroFat chromosome 6 QTL interval that mediation analysis supports as candidate mediators of the effect of QTL on RetroFat.
Genes in bold are called as mediators.
